ABSTRACT: Seismic reliability assessment of lifeline networks gives rise to various technical challenges, which are mostly caused by a large number of network components, complex network topology, and statistical dependence between component failures. For effective risk assessment and probabilistic inference based on post-hazard observations, various non-simulation-based algorithms have been developed, including the selective recursive decomposition algorithm (RDA). To facilitate the application of such an algorithm to large networks, a new multi-scale approach is developed in this paper. Using spectral clustering algorithms, a network is first divided into an adequate number of clusters such that the number of inter-cluster links is minimized while the number of the nodes in each cluster remains reasonably large. The connectivity around the identified clusters is represented by super-links. The reduced size of the simplified network enables the selective RDA algorithm to perform the network risk assessment efficiently. When the simplified network is still large even after a clustering, additional levels of clustering can be introduced to have a hierarchical modeling structure. The efficiency and effectiveness of the proposed multi-scale approach are demonstrated successfully by numerical examples of a hypothetical network, a gas transmission pipeline network, and a water transmission network.
Introduction
Today's society is highly dependent on reliable performance of urban lifeline networks that provide transportation and utility services such as electricity, water, sewage and gas. When major disasters such as earthquakes, tornadoes and typhoons occur, the performance of such a network is even more critical because damaged urban lifeline networks may hamper prompt disaster response and recovery, and lead to socioeconomic losses caused by a prolonged period of business interruptions.
Therefore, it is essential in the field of disaster management to evaluate the Multi-scale analysis approaches have been explored to facilitate the application of non-simulation-based methods to larger-size networks (Der Kiureghian and Song 2008, Song and Ok 2010) . This approach groups adjacent structural components in a network and replaces them with super-components. This approach may reduce the sizes of the network problems significantly to make the non-simulation-based method computationally affordable. For maximum benefit of the multi-scale approach, however, a systematic procedure is needed to identify components that will be consolidated based on the network topology instead of subjective and arbitrary selections. Gómez et al. (2013) recently proposed a hierarchical network representation method to calculate the disconnection probabilities for large networks.
First, clusters are identified using the Markov clustering method based on the network topology. A simplified network is then constructed, in which super-nodes and superlinks are representing the identified clusters and inter-cluster connections. For system reliability analysis of the simplified network, the identified clusters are assumed to be unbreakable super-nodes in computing disconnection probabilities with the remaining links. However, the assumption of unbreakable super-nodes may result in significant difference in network reliability estimates. Furthermore, as shown in Lim and Song (2012) , the effect of spatial correlation between component failures needs to be considered at each hierarchical level for accurate seismic risk assessment. It is also noted that Gómez et al. (2013) checked all combinations of the component failures and survivals to calculate the probabilities of network disconnection. This approach may require large computational time cost as the size of the network increases.
In this paper, inspired by the clustering approach by Gómez et al. (2013) , a new clustering-based multi-scale approach is developed based on spectral clustering algorithms and the selective RDA in order to overcome computational challenges and Submitted for Publication in Earthquake Engineering and Structural Dynamics, Revised Manuscript Submitted, ; Accepted for Publication, July 22, 2014 DOI:10.1002/eqe.2472 4 achieve efficiency and effectiveness in risk assessment of large-size lifeline networks.
The proposed approach would consist of three steps: i) identification of clusters, ii)
representation of the identified clusters in a simplified network, and iii) multi-scale network reliability analysis using the simplified network. The approach is demonstrated and tested by three network examples in this paper.
Identification of clusters using spectral clustering algorithms
As the first step, clusters should be identified in a way that the multi-scale network reliability analysis can be performed efficiently. As shown in Section 3, the size of the simplified network is highly affected by the original links connecting clusters, i.e.
inter-cluster links. Therefore, an ideal clustering would minimize the number of the inter-cluster links, while the numbers of the nodes in the identified clusters are adequately distributed to avoid having clusters with few nodes. To this end, the proposed approach uses a spectral clustering algorithm, which minimizes the ratio of the number of the cuts to the cluster size.
There exist two spectral clustering algorithms depending on how the cluster size is defined in the ratio. First, the so-called "ratio cut" approach (Hagen and Kahng 1992) defines the size of a cluster i A as the total number of the nodes in the cluster, denoted by i A . This approach aims to minimize the objective function
where k denotes the number of the clusters, ( , ) 
In the numerical examples of this paper, both spectral clustering methods are used to obtain the best clustering results.
The number of clusters, k can be determined by monitoring the eigenvalues of the graph Laplacian matrix, which is used to describe the objective functions (Mohar 1991 , Mohar 1997 , Chung 1997 . After the eigenvalues are arranged in the descending order, suppose the first k eigenvalues λ 1 , …, λ k are relatively large while there is a relatively big drop between λ k and λ k+1 (Kong et al. 2010) . Then, the spectral clustering algorithm aims to identify k clusters from the network.
Representation of identified clusters by super-links
Once clusters are identified, the clusters are represented by super-components to obtain a simplified network with a reduced size. These super-components should represent the identified clusters properly in the simplified network, especially in terms of the probabilities that super-components fail, and their statistical dependence. To this end, the following sections propose representation schemes for three different cases and a procedure to evaluate statistical dependence between the failures of supercomponents.
Modeling clusters and reliability evaluation of super-links
First, consider a case in which either the source or terminal node is located inside the identified cluster, as shown in Figure 1 (a). In the figure, the source and terminal nodes are represented by star markers while a triangle marker indicates a node connected to an inter-cluster link (termed as "inter-cluster node"). The connectivity between the source/terminal node in the cluster and each of the inter-cluster links needs to be 7 the inter-cluster nodes; and iii) super-links connecting the terminal node and the intercluster nodes. When such a cluster has n inter-cluster nodes, (1+2n) super-links are therefore needed. In order to avoid overestimating the reliability, the selective RDA for the super-link between the terminal and source nodes needs to exclude the intercluster nodes. Similarly, the selective RDA for the super-link connecting an intercluster node with the source or terminal node should exclude the terminal or source node, respectively. This is illustrated in Figure 3 (b).
Evaluating statistical dependence between failures of super-components
After representing the identified clusters by inter-cluster nodes and super-links as In order to compute the correlation coefficient between i Z and j
by ρ ij , the probability of the joint failure, ( A potential drawback of this approach is that the number of the components involved in computing ( )
P E E may be large, which may increase the computational 4. Multi-scale network reliability analysis using the simplified network.
After representing the identified clusters with super-links and calculating the failure probabilities of the super-links and the correlation coefficients, the selective RDA is applied to the simplified network to compute the disconnection probability. The relative importance of components with regard to the system failure probability can be quantified as well. For example, in this paper, the conditional probability based are computed by the selective RDA at Level 3. As shown in Figure 4 , the simplified network at Level 2 has 6 nodes and 6 links, which greatly reduces computational cost of the selective RDA analysis.
Numerical examples
In order to test and demonstrate the clustering-based multi-scale approach, three network examples are considered: a hypothetical network example, a main gas distribution network in California, USA, and a main water distribution network in Sejong City, South Korea. The computational time costs reported hereinafter are based on the use of MATLAB® on two personal computers: (1) Intel Core 2 Duo T6400 2.00GHz CPU and 4GB RAM, and (2) AMD Athlon II X2 260 1.80GHz CPU and 2GB RAM, which showed similar performance.
Computing component failure probabilities and joint failure probabilities
In computing the failure probabilities of individual components and their joint failure probabilities in the numerical examples, the models and methods including attenuation models and spatial correlation models are adopted from the examples in Lim and Song (2012) . However, during this study, it was found that the approximation method in Lim and Song (2012) for the evaluation of statistical dependence between node-type components may introduce large bias in evaluating the statistical dependence, which makes the bounds on the network failure probability inaccurate. Therefore, the following procedure is proposed in this paper to compute the correlation coefficient accurately. PGA is the attenuated PGA at the i-th component and i X is a zero-mean normal random variable representing inter-and intra-event residuals, the failure probability for a random PGA is derived as where i U is the standard normal random variable, and σ X is the standard deviation of the residual i X . Next, the joint failure probability of the i-th and j-th node-type components can be described as follows by extending Eq. (7):
( ) ln ln ln ln β ln ln (9) into Eq. (8), and considering the conditional independence of the node failures given , S s = the joint failure probability is derived as a single-fold integral, i.e.
The results of Eq. (10) and Eq. (7) are then substituted into Eq. (5) to compute the correlation coefficient representing the statistical dependence between the failures of node-type components.
Example 1: hypothetical network
The hypothetical network example in Figure 5 (the same network topology used in 
( 1 ) Figure 4 and Figure 6 . In Figure 6 , the thick gray lines represent super-links in the simplified network and the triangle markers show the inter-cluster nodes.
The simplified network of the bi-scale analysis has 17 nodes and 25 bi-directional links. Therefore, the total number of components is reduced from 212 to 67 (=17+25×2). The proposed clustering-based bi-scale analysis computes the bounds on the disconnection probability as 0.431~0.441 (1% gap between the bounds) in 493 seconds while the direct application of the selective RDA, i.e., the uni-scale analysis could not converge to the bound width even in a few days. The tri-scale approach further reduces the number of components in the simplified network into 18 (6 nodes and 6 bi-directional links) and the bounds on the disconnection probability are computed as 0.439~0.448 in 326 seconds. It is seen that the proposed clustering-based approaches greatly improve the efficiency while matching the failure probability estimated by Monte Carlo simulations, P f = 0.434 (c.o.v. 1%). Table 1 summarizes the results.
It is noted that the tri-scale approach achieves similar width of bounds using 66%
of the computational time of the bi-scale approach. This is because the fewer number of components in the simplified network of the tri-scale approach makes the selective RDA more efficient. However, it should be noted that introducing additional hierarchical level requires computations for modeling the simplified network, i.e.
computing super-component probabilities and correlations between (super-)components. Therefore, for optimal performance, the number of hierarchical modeling levels needs to be determined based on computational trade-offs between selective RDA and simplified network representations. In the examples of this paper, it was observed that most of the computational time required for modeling the simplified network is used for calculating the correlations.
When the correlation between (super-)components in the network representation process is ignored, the disconnection probability is estimated as 0.335~0.346 by the by Gómez et al.(2013) , by which the disconnection probability is estimated as 0.287 in the bi-scale approach, and 0.257 in the tri-scale approach, the accuracy is greatly improved. To test the performance of the method for low-probability events, an earthquake scenario with a moment magnitude of 6.3 w M = is also considered. As shown in Table 2 , the proposed method can obtain the bounds of 0.1% gap accurately and efficiently.
Example 2: simplified California main gas network
The simplified California main gas network example in Figure 7 has 73 nodes and 85 bi-directional links, and thus the total number of components is 243 (=73+85×2). A scenario earthquake with a moment magnitude of 7.9 w M = is chosen. The spectral clustering algorithm identifies two clusters at Level 2 and four clusters at Level 3 (two from each cluster at Level 2), as shown in Figure 8 .
The results summarized in Table 3 show that the proposed clustering-based approach greatly improves the efficiency without compromising accuracy. Table 4 shows the pipelines that have the highest values of the conditional probability based importance measures (CPIMs). The "Computational Time" in the table means an additional time needed to calculate CPIMs after the network reliability analysis. It is shown that the multi-scale approach greatly reduces the computational time needed to identify important components.
Example 3: simplified main water network in Sejong City, Korea
Submitted for Publication in Earthquake Engineering and Structural Dynamics, Revised Manuscript Submitted, June 18, 2014; Accepted for Publication, July 22, 2014 DOI:10.1002/eqe.2472 Figure 9 shows the simplified main water network in Sejong City in South Korea, which has 59 nodes and 99 bi-directional links under a scenario earthquake with a moment magnitude of 7.0
The total number of components is thus 257 (=59+99×2). The spectral clustering algorithm identifies two clusters at Level 2 and four clusters at Level 3 (two from each cluster at Level 2) as shown in Figure 10 . As shown in Table 5 and Table 6 , the proposed multi-scale analysis approach demonstrates accuracy and great improvement in efficiency even for this loop-like network topology.
Summary and conclusions
In this paper, a new multi-scale analysis approach using a clustering-based network representation is developed for efficient and effective network reliability analysis of large and complex networks. The clustering-based multi-scale approach helps overcomes computational challenges in seismic risk analysis of a large and complex network. This efficient and effective analysis tool for lifeline network risk assessment will help emergency managers prepare for and conduct disaster response and mitigation operations based on the quantified risk. The research outcomes reported in this paper also helped the authors identify the following future research topics: (1) development of automated hierarchical clustering schemes which would achieve the most efficient and accurate hierarchical structure in a systematic manner instead of a trial-and-error approach, (2) further development of the method to handle the cases with multiple sources and/or multiple sinks especially when they are distributed over multiple clusters, and (3) further research on how to maximize the efficiency of the proposed approach for each type of network topologies. 
